This report describes the application of potentiometric multisensor system for estimation 18 of water samples toxicity in terms of Microtox ® analyzer -a wide spread instrument for toxicity 19 evaluation. The working principle of Microtox ® analyzer is based on a registration of 20 luminescence from Vibrio fischeri bacteria which depends on metabolism conditions and toxicity 21 of the environment; this is associated with certain limitations. Unlike this bioassay procedure the 22 employment of multisensor system does not require the use of living organisms and can provide 23 for faster toxicity evaluation. 54 real and imitated polluted water samples, for which the toxicity 24 was established by bioassay, were studied. The response of multisensor array processed with 25 machine learning techniques allows for prediction of EC50 (toxicity index) with relative errors 26 of 20-25%. Taking into account the complexity of the task (simulation of complex biological 27 reactions with inanimate instrument) this can be considered as a good promise for further 28 research in this direction in order to develop instrumental alternative for toxicity assessment. 29 30
employment of multisensor system does not require the use of living organisms and can provide 23 for faster toxicity evaluation. 54 real and imitated polluted water samples, for which the toxicity 24 was established by bioassay, were studied. The response of multisensor array processed with 25 machine learning techniques allows for prediction of EC50 (toxicity index) with relative errors 26 of 20-25%. Taking into account the complexity of the task (simulation of complex biological 27 reactions with inanimate instrument) this can be considered as a good promise for further 28 research in this direction in order to develop instrumental alternative for toxicity assessment. 29 2 Water pollution, which is really a global problem now, is caused by a constant increase of 38 the number of industries and plants, an accelerated rate of the development of the agriculture and 39 a constant growth of the amount of vehicles. Most of the sources of aquatic pollution are well-40 known. Around 50% of the total pollution of surface water is accounted for agriculture sector 41 [1] . In this case the major pollutants are ammonium ( [5, 6 ] 43 also cause a great damage to ecosystems. Such wastes may contain a wide range of the 44 pollutants, like pathogens [7] , organic substances [8, 9] , heavy metals [10, 11] and more and 45 more pharmaceuticals [12] . Due to the population growth the amount of wastes produced by 46 people is increasing significantly. About 3 billion people in the world lack access to clean water, 47 according to the World Health Organization. It is supposed, that water pollution will increase at 48 least twice over the next 20 years [13] . 49
One of the most important integral characteristics of the water quality is toxicity. Toxicity 50 characterizes direct biological hazard of a water sample for a living organism. The toxicity is a 51 convenient integral estimate as opposed to, e.g. MAC (maximum allowable concentration) 52
widely applied for water analysis. MAC represents concentrations of chemical elements and their 53 compounds in the environment that would not cause pathological changes or diseases in human 54 body over long-term exposure. It means that there is a limit of the harmful substance content 55 below which it is safe for humans to interact with this compound. However, the amount of the 56 pollutants increases every day, over seventy thousands of contaminants being currently totaled 57 [13, 14] . Therefore the determination of the maximum allowable concentration for each of these 58 pollutants is getting much harder if possible at all. Thus, MAC is far from being the optimal 59 criterion of environmental quality evaluation. 60
Various methods of biotesting have been developed and legislated for water toxicity 61 evaluation. They are mostly based on the study of the reaction of a living test-object when 62 exposed to an aqueous sample. Different aquatic organisms such as fishes, phytoplankton, 63 zooplankton and bacteria are traditionally used as test-objects. 64
The Microtox Acute Toxicity Test is one of the most widely used biotesting methods. polymer/alum addition to the aeration tank effluent prior using in a slaughterhouse wastewater 85 treatment plant [18] , and also for evaluation of risks, in relation with a simulated oil spill [19] . 86
There was an attempt to estimate an effect of river water, sediment and time on toxicity using 87 Poland a study of toxicity of surface waters of several rivers and lakes was also carried out [22] . 93
These tests revealed that the Microtox assay is a suitable test for estimation of the toxicity of 94 bottom sediments, in which contaminants tend to accrue. 95 Some of the recent works were devoted to the analysis of soils, containing polycyclic 96 aromatic hydrocarbons [25] , biochar and pesticides (2,4-D and dicamba) [26] , and 97 pharmaceutical wastewaters [27] . Researches from Italy tried to estimate an ecotoxicological 98 effect of suspensions of basaltic rock, ash and cement dusts, which are often detected on building 99 sites near the volcano Etna, on the luminescent of marine bacteria Vibrio fischeri [28] . 100
The main disadvantage of Microtox is the complexity of bringing the lyophilized bacteria 101 in working conditions, which makes this platform hardly compatible with an idea of on-line 102 monitoring. Another problem, common to all biotests, is related to the range of dangerous 103 substances and degree of their toxicity that can vary for different biotests and human beings. The reduction of light emission as a measure of water toxicity was determined by SDI 136
Model 500 Analyzer, which integrates a luminometer with an incubator. The incubator was 137 maintained at two different temperatures: all test samples were kept at 15C and one stock 138 In this paper samples were divided into two groups: the "real" and the "imitation" ones. 214
The dependent variable was prescribed with the maximum value 100 for the samples where 215 
PLS-regression 254
The data from the sensor array of all of the samples were employed for producing two 255 different regression models for real and imitated samples. Since the number of the available 256 samples was rather limited we performed two different verification approaches: full cross-257 validation and random test with 30 splits. The details of these validation procedures are shown in 258 the Table 2.  259   260   Table 2 . The parameters of the multisensor system performance in prediction of water toxicity 261 values in terms of Microtox 262
263
The obtained data allow assuming that the sensor system previously calibrated against 264
Vibrio fischeri can be used to assess water toxicity, especially when it comes to "real" samples. 265
This is understandable taking into account the sensitivity of the multisensor system to the range 266 of substances toxic for biological organisms such as heavy metals, pesticides and certain other 267 organic compounds often present in polluted waters. 268 The dependent variable was prescribed with the maximum value 100 for all "real" 285 samples with EC50 > 100%, so it was assumed that it is impossible to predict EC50 values 286 greater than 100%. Hence, we decided to address the problem in two stages: first, the samples 287 were classified between EC50 ≤ 100 and EC50 > 100 and then, if EC50 ≤ 100, we predicted this 288
value. There was only one censored sample for the imitated dataset so it was just excluded from 289 the study. 290
Another issue of the dataset was a small number of samples with relatively large EC50 291 values (> 50 for "real" and > 100 for "imitation" datasets), which could lead to poor regression 292 performance on the samples with such values. To overcome the difficulty we decided to use 293 log2-transformed EC50 values for prediction. Thus, from this point on, the regression errors will 294 be reported in log-scale. 295 296  Experimental evaluation: "real" dataset 297
As was mentioned above, we first classified the water samples into two classes: 298 EC50 ≤ 100 ("≤ 100" class) and EC50 > 100 ("> 100" class). Both RF and random KNN were 299 tried and the evaluation showed the performance of the former method being better. The number 300 of trees in the forest was equal to 100. 301
We were able to obtain confusion matrices for random forests using full cross-validation. 302
Since the construction of these classifiers is random such matrices are random as well. Hence, 303 1000 of such matrices were averaged; the obtained results are shown in Table 3 . The number of 304 misclassified samples did not exceed 3 in the vast majority of cases -over 99% of matrices. 305 306 Table 3 . Averaged confusion matrix for "real" dataset 307 308 Next, the regression for samples with EC50 ≤ 100 (there were fifteen samples of such 309 kind) was calculated. This time random KNN outperformed random forests (we used r = 100, 310 k = 1 and four variables for each KNN model). Apart from RF and RKNN, we tried to make 311 predictions using ordinary linear regression, but it did not perform better than these two methods. 312
Then a distribution of 1000 full cross-validation errors of random KNN was considered. Some 313 statistics of this distribution are shown in Table 4 . It can be noticed from the Table 4 After removing a single right-censored sample, 23 samples were left in the "imitation" 320 dataset. There was an attempt to construct regression models for this dataset using random 321 forests, random KNN and linear regression. All methods failed to produce reasonable prediction 322 accuracy in this case, the lowest averaged cross-validation error was observed for RF but still it 323 was 3.1 which is quite large. The performance of a trivial classifier which always predicted the 324 mean of dependent variable values in a training set was additionally evaluated and the error that 325 it produced was 2.8. 326
The inability to predict EC50 for the "imitation" dataset can be related to the lack of 327 sensor data or to the small size of the dataset. This dataset is larger than the EC50 ≤ 100 part of 328 the "real" one. However, it is more difficult for the following reason. There are no covariates 329 highly correlated with the outcome: the maximum absolute value of the Pearson's correlation 330 coefficient was 0.35 (for variable "G9"). In comparison, the same maximum value in the "real" 331 dataset was 0.7 (for variable "C11"). 332
Thus, water toxicity evaluation by a multisensor system in terms of Vibrio fischeri marine 333 bacteria is possible with experimental errors about 20-25 %, which is comparable to the cases of 334 the other biological test objects [31, 32] . 335 336 4. Conclusion. 337
The assessment of water quality using living test-objects is one of the leading trends of 338 the current environmental control. However on-line monitoring of such kind is not always 339 possible due to the need of the maintaining appropriate habitat conditions for biological 340 creatures. We managed to carry out the application of the sensor system for prediction of the 341 toxicity values of wastewater samples in terms of response of marine bacteria Vibrio fischeri. In 342 this case living organisms are used only for calibration of the sensor array. Although the 343 obtained accuracy in toxicity prediction with multisensor system may seem not very high at the 344 first glance (20-25%), one should take into account unusual task formulation (imitation of 345 complex biological reactions of living organisms with a set of chemical sensors) and possible 346 advantages of multisensor approach such e.g. possibility of performing the toxicity assessment in 347 on-line mode and simplicity of handling. Based on these considerations we believe that 348 suggested approach shows a good promise for further research in this area. 349 350
